Drought is one of the most devastating environmental disasters. Analyzing historical changes in climate extremes is critical for mitigating its adverse impacts in the future. In the present study, the spatial and temporal characteristics of the global severe droughts using Palmer Drought Intensity Index ( 
Introduction
Drought is an extreme climate event with lower than normal precipitation over a period of time (Dai, 2010 ; Sun and Liu 2014) and indefinite start and termination (Bhuiyan, 2004) . Drought is classified into different categories such as meteorological drought, agricultural drought and hydrological drought. Meteorological drought for a region is a time span with precipitation significantly below normal conditions and agricultural drought is a period of time with decreasing soil moisture that results in crop losses (Sun and Liu 2014) . Hydrological drought is linked with deficits of precipitation that declines streamflow, groundwater levels and reservoir storage (Mishra and Singh, 2010; Abdi and Yasi, 2015) . Drought not only has tremendous negative impacts on water resources, but it causes displacement of people (Black et al., 2013) , impacts crops (Najafi et al., 2018a) and triggers severe food shortages (Kogan, 1997) , malnutrition and famine (Elagib, 2014) . Droughts have had the largest negative impacts over the last century (Bruce, 1994) . Droughts form gradually and they cannot be easily identified (Unganai and Kogan, 1998) . Almost all of the  Corresponding author. Email: enajafi@ccny.cuny.edu major agricultural lands are susceptible to droughts (Mekonnen and Hoekstra, 2016) . Recently, extreme droughts have affected Asia, Europe, Africa, and North America, to name a few (Dai et al., 1998) . Unlike floods, the changes in drought characteristics have not been fully investigated (Mishra and Singh, 2010) . Climate extremes have uptrended since the last century in many countries across the globe (Asadieh et al., 2016; Poshtiri and Pal, 2016; Poshtiri et al., 2018; Najafi et al., 2016 , Najafi et al., 2017 , Najafi et al., 2018a , Najafi et al., 2018c , Najafi et al., 2019a , Najafi et al., 2019b . Although future drought projection is uncertain (Burke and Brown, 2008) , many climate scenarios, even the conservative ones, confirm that severity and frequency of climate extremes will increase in the future (Parry, 2007) .
Extreme droughts are infrequent and variable in a changing climate (Dai et al., 1998) . Frequency and intensity of extreme droughts have been studied at both local (Kauffman and Vonck, 2011; Yang et al., 2013) and global scales (Dai, 2010; Dai, 2011; Dai, 2012) . Extreme droughts have had an upward trend over the past few decades due to climate change (Dai, 2011) . Dai (2012) reported increased risk of drought in the twenty-first century. Seneviratne (2012) showed a high uncertainty in global drought trends over the past several decades. Efforts to minimize the adverse consequences of droughts in the future can be optimized (Afshar and Najafi, 2014; Najafi and Afshar, 2015) if knowledge is gained about the past changes and trends of extreme droughts. Though some investigations have been done at the local scale, few efforts have been made to characterize extreme global droughts. Najafi et al. (2018b) characterized extreme droughts across global contents. In this study, we aim to explore how global extreme drought regions have been changed since the beginning of the last century. K-means clustering is used to group extreme droughts across the globe.
Dataset and Methodology
PDSI is used frequently to assess trends of drought (Dai, 2010; Schrier et al., 2011) . PDSI, that was originally developed by Palmer in 1965, is the most important index of meteorological drought used for drought monitoring in the US. The simplicity of the PDSI makes it a very suitable tool in drought studies at large scales (Sheffield et al., 2012) . To improve the spatial comparability, Wells et al. (2004) proposed a self-calibrating PDSI (SC-PDSI) by calibrating the PDSI using local conditions. SC-PDSI performed better than the original PDSI during the 20th century in some regions such as North America (Schrier et al., 2006) . In this study, SC-PDSI been used to evaluate trends and classify extreme droughts across the globe (Dai et al., 2004) . Spatial coverage of data is 58.75 south to 76.25 north and 178.75 west to 178.75 east for global land areas on 2.5-degree latitude by 2.5-degree longitude. The PDSI has been successfully applied to quantify the severity of droughts across different climates (Wells et al., 2004) . This allows the PDSI to take into account the effect climate change too (Li et al., 2009 ). The PDSI ranges from about -10 to +10 and values below -3 represent severe drought (Table 1) . K-means clustering method is used to partition the largest negative PDSI values (LNPV). Using this approach, LNPV will be organized into similar groups. K-means clustering aims to partition LNPV into k clusters that share some common trait. In each of these clusters each value is associated with the nearest mean. The K-means clustering algorithm groups randomly chosen centroids. These centroids are beginning points for every cluster. The next step is some repetitive computations for optimizing the centroid positions until centroid locations become stable. 1900 , 1930 , 1960 , 1990 . The centroids in Figure 8-b are (1978 .11, -6.07), (1913 .75, -6.87), (1943 .53, -6.20) and (2004 ). Kendall test assesses if a variable has a monotonic upward or downward trend over time. Seneviratne (2012) demonstrated that the total area affected by droughts has increased during the past several years. The annual summation of the grids that are among the 10 LNPV as well as 10, 20 and 30 years moving average are plotted in Figure 12 . It is clear that, after 1970, the trend increased steadily. 2012, 1984, and 1983 are the years that many regions around the world experienced their most extreme historical drought (617, 613 and 602 grids, respectively). Of note, it does not necessarily mean that the severity of drought in these years were higher than other years, but, it demonstrates that in these years, more global land areas have experienced their extreme historical droughts. In all the months between 1900
and 2014, except in August 1970, there are some grid cells that experienced one of their 10 largest negative historical droughts. In order to check if the upward trend in Figure 11 is random or not, 95% confidence interval is plotted in that has emerged recently as a tool in trend analysis that explores detailed temporal patterns from both time domains and frequency (Wang et al., 2011) . Here, this method is implemented to see whether there is a frequency in annual number of global land area grids with 10 LNPV or not. Results did not show any strong frequency in that time series data.
Conclusion
Detection, monitoring, and especially prediction of drought is very complicated. In this study, we evaluated the trend of the extreme droughts during the last decades and partition them using K-mean clustering. The results show that from 1950 to 1980, the extreme droughts were less severe across the whole time span. In addition, regions across the globe experienced severe droughts during different episodes. Global drivers of atmospheric variability such as ENSO or NAO influence local climate across the globe (Asadieh et al., 2016; Armal et al., 2016; Armal et al., 2018a , Armal et al., 2018b Pournasiri Poshtiri and Pal, 2014) . The next phase of this study is investigating the association between extreme droughts and large scale climate.
